Abstract
Introduction
Understanding evolution of communities [14, 11, 12] have gained importance over the past decade. Evolution of communities help researchers identify the evolving nature of human socialization. The huge amount of social network data at our perusal has fueled the research in this direction. Primarily research is performed on uni-relational networks, which refers to networks having a single set of edges. Most of the networks dataset that we get hold of 2 represent this kind of networks. But we are starting to have diverse datasets. One of these diverse datasets includes multi-relational data, where instead of a single set of edges, we have multiple set of edges. The introduction of multiple sets of edges introduces an intriguing problem in the context of evolution of communities: co-evolution. Earlier the researchers did not have to deal with multiple relations and thus it was enough to handle evolution of communities based on a single relation. But with the advent of datasets containing multiple relations, arose the opportunity to study co-evolution of communities in multiple relations. Multirelational datasets are very hard to get a hold of, but the way social network data is increasing, these relations will be available in abundance in the near future.
As discussed earlier, the availability of multi-relational datasets is not very high. Very few researchers have based their investigations on these kinds of datasets [1, 5, 4] . One of them is Cai et. al. in [4] where they have looked at the problem of community mining in multi-relational datasets. On the other hand, the present work addresses the problem of measuring co-evolution dynamics in communities. To start off, the networks are partitioned into communities, using well known community detection algorithms [11] and important statistics are derived from them. Next we look at the dynamics inside these communities discovered by the algorithms. Once we have understood the evolution in communities, we move our investigation to quantitatively study co-evolution of communities. Finally, the direction of influence in the multi-relational network is determined by statistical exploration of the interplay between the "interesting" events within the communities.
In this work, we find that the smaller sized communities have higher connectivity in terms of the trade and the trust links. The experiments on co-evolution show that the trust based communities exhibit 60% higher co-evolution rate than trade based communities. We also find that within the tightly knit communities, the occurrence of unusual trade dynamics is followed by unusual trust dynamics. This observation reveals several insights about the various dynamics occurring within a large scale multi-relational network. 
Fragmenting network into communities 4 Experiments

Trust Network
In EQ II the players are limited by the number of items they can carry at a time, players buy houses as a temporary storage to retain their weapons and other accessories. Players have the ability to share their house access with other players. The network thus formed in the process is referred to as the trust network. We have 9 months of data from Jan-01-2006 to Sep-11-2006 with 51,428 nodes and 72,446 edges where nodes represent player characters in the game and edges represent a in game character giving another in game character permission to access his or her house. Each edge has a time stamp when the access was granted.
Sony EverQuest II(EQ II) game provides an online environment where multiple players can log in and coordinate with each other to achieve a particular mission. The game provides several mechanisms such as chat and e-mail for instantaneously interaction. We used the server logs from this game, and we extracted the information needed for our experiments from these logs in which the players perform various interactions with each other. In this section, we describe the networks used in our experiments.
Understanding large networks and community detection in those networks is a very well researched topic [9, 10, 4] . Most of the research that have been done in this field is performed on uni-relational networks [14, 10, 11] . In one of the works by Borabora et. al [2] , multi-relational networks are studied in the area of computational trust. The primary objective of the research was to identify robust predictors of trust in an online virtual environment. In a different work [4] , Cai et al investigate community detection (community mining) but the study primarily focused on how to perform efficient detection of communities in a multi-relational setting. Various aspects of communities have already been studied extensively in various domains including evolution of communities [3, 7, 11] . As discussed earlier most of these analyzes were performed in uni-relational networks. Thus the problem of co-evolution of the multiple relations in a network within the communities is not addressed in these literature.
Researchers in the past decade have extensively investigated the problem of finding influencers in a social network. The seminal work by Kempe et. al. [8] in 2003 defined the problem of finding influencers who can maximize the flow of information in a network.
Trade Network
Like the real world, in EQ II players can exchange goods for coins or other goods. The exchange of items between Given the multi-relational network G ==< V, E >, we have used Gtrust ==< V, Etrust > and Gtrade ==< V, Etrade > networks to construct two types of communities. Using the Gtrust, we derive communities based on trust relationship between the nodes and using the Gtrade, we derive communities based on the trade relationship between the nodes. In order to detect communities in Gtrust network, the entire network was viewed as a snapshot for the entire observation period. The direction of the edges was removed and the weights on the edges were dropped. Then the communities were detected on this unweighted, undirected network using two community definitions: Clauset Newman and Moore Algorithm (CNM) [6] and Clique percolation method (CPM) [11] .
In the trade (Gtrade) network, the communities were identified on a reduced network G~rade ( as shown in Table 1). Note that the reduction in network is not performed for the trust network and thus G~rust does not exist. Since the trade links, unlike trust links, signify instant interactions rather than a long term relationship, we derive a new trade network G~rade where the links can be considered better proxy. However, this new network is used only for the purpose of fragmenting the Gtrade network in meaningful communities. While accounting for the various kinds of trade dynamics and trade-trust interplay, we have used the original trade network, Gtrade. In order to derive the G~rade from Gtrade, firstly, all the edges in Gtrade are made undirected. By observing the Gtrade as a snapshot for the entire observation period, edges in Gtrade are assigned weights equal to the frequency of appearance of an edge in the entire observation period. The weights(w) on these edges correspond to the strength of interaction. We established a threshold of 5 interactions between actors to be represented in the new graph which will be represented as G~rade throughout the rest of the paper. We assumed that 5 interactions are required between a set of players to build up a meaningful trade relation. The edges having a weight of < 5 are ignored. Finally, the weights on the edges in G~rade are dropped. Having derived a unweighted, undirected network G~rade' the communities are defined on this network using CNM and CPM community detection algorithms.
Statistics for Multi-relational Network
In this section, we discuss some of the statistical properties of the communities derived in the previous experiment. For the sake of convenience, we refer to the communities derived from the Gtrust as trust communities and those derived from G~rade as trade communities. However, the communities are only a set of nodes which can have both trust and trade edges. Table 2 gives the description of the number of communities obtained on Gtrust and G~rade using CPM and CNM definitions. As shown in table 2, the number of communities obtained using CNM is comparable to the number of communities obtained using CPM algorithms. The difference is due to the incomplete coverage of the network using CPM definition for communities.
The grouping of communities into different categories helps in a generic characterization of the various metrics based on the size of the communities. Thus, using the information from the size distribution, we categorized the communities as shown in tables 3 and 4 for trust and trade communities respectively. Tables 3 and 4 provide the count of communities in each of the categories. In both the tables, the first category(group 1) contains communities which have size == 3. As shown in the table, group 1 communities form a large proportion of the total communities (approximately 40 -48%) and are thus kept in a separate category. The second category(group 2) contains communities which have sizes ranging from 4 to 9. As shown in the table, the group 2 covers approximately 42 -50% of the total communities. Finally, the third category(group 3) comprises of communities which have size greater than equal to 10. This group covers only approximately 10% of total communities.
Analysis of community evolution
In this section, we discuss the experimental design for the analysis of the community evolution in a multi-relation network. There are multiple aspects of evolution of a community. We consider the intra-community structure evolving over time. In order to track the intra-community structure over time, we define a metric called connectivity. Connectivity can be defined as a measure of the intraconnectedness of a community. At any given snapshot of time(t), the connectivity(Q) of a community(k) can be formally defined as follows:
trade -ICklx(ICkl-1) and Qtrust -ICklx(ICkl-1) Figure 1 shows the connectivity of the entire network G ==< V, E >. As shown in the figure, considering the entire network as single community, shows that the connectivity is of the order 10-5 throughout the time window. However, this does not represent the actual evolution of connectivity occurring in the network. As mentioned earlier, the entire network is built up from several fragments known as communities. Figures 2 and 3 show the evolution of aver- age connectivity for the communities build using different algorithms. The average connectivity, at a time stamp t, for a specific community detection algorithm is computed as: Figure 2 shows the average connectivity (Q) plots for communities based on trust network. Figure 2 (a) corresponds to Qfor communities of size == 3. As shown in the figure, the trust connectivity increases over time whereas the trade connectivity is non-increasing which can be considered as a key take-away. This difference owes to the difference in nature of the trust and trade links; trust is a relationship link whereas trade is an activity link and thus instantaneous. This plot compares the connectivity for CPM defined communities and CNM defined communities for communities of size 3. From this plot, we find that the maximum trust connectivity reached is approximately 0.56. This is obtained when communities are defined using CPM definition. The maximum trust connectivity for communities defined by CNM is only 0.33. Another important observation from this plot is regarding the rate of increase in the trust connectivity. We find that the rate of increase in trust connectivity is 1.7 times higher for CPM algorithm than for CNM algorithm. We can also see the proportionately higher (approximately 4 times) trade connectivity for CPM than for CNM communities for the entire time period.
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Results and discussion
Figure 2(b) shows connectivity plots for communities of size ranging from 4 to 9. Here the maximum trust connectivity is approximately 0.43 for CPM communities whereas the maximum trust connectivity is only 0.23 for CNM communities. The rate of increase in the trust connectivity is approximately 1.86 times higher in CPM communities than for CNM communities. Similarly, the trade connectivity is consistently higher (5 times on average) in CPM communities over CNM communities. In figure 2(c) , the plot shows average connectivity for communities of size greater than equal to 10. As shown in the figure, the maximum trust connectivity in CPM communities is approximately 0.21 whereas the maximum trust connectivity in CNM communities is only 0.05. The ratio of rate of increase in trust connectivity in CPM to that in CNM communities is approximately 4. Unlike smaller communities, the trade connectivity is consistently very low (0.02 on average) and negligible for CPM and CNM communities respectively. Figures 3(a),(b),(c) show the average connectivity (Q) plots for communities based on reduced trade network. In comparison to the trust based communities, we can see that the various connectivity are significantly smaller for all sizes of communities. Figure 3(a) shows the plot for trust and trade connectivity for communities of size 3. As shown in this figure, the trade connectivity is higher on average than the trust connectivity within the communities. The highest trade connectivity is approximately 0.3 for CPM communities, while the trade connectivity for CNM communities remains lower than that for CPM communities for most of the time period. The ratio of trade connectivity averaged over time between CPM and CNM is 1.63. For the trust connectivity, the ratio of rate of increase in trust connectivity between CPM and CNM is 1.6, while the maximum trust connectivity is only 0.08 for CPM communities. Figure 3(b) shows the connectivity for communities of size in range [4, 9] . As shown in the figure, the general trend of trade connectivity is higher than the trust connectivity.
Analysing evolution of activity-relationship overlaps in communities
In this section, we extend the previous analysis to capture the co-evolutionary aspect of trust and trade within communities. As described in the previous section, the connectedness within a community is measured using the connectivity metric. However, this metric captures the trust and the trade connectivity of the communities independently. Capturing interdependence between the trust and trade links within communities is an important and interesting problem. Thus we define metrics to compute overlap between the trust and trade links within the communities. The overlap between trust and trade can be defined in two ways as follows:
Directed overlap:
Given a snap-shot of a community k at a time-stamp t, the directed overlap is the ratio of the directed trade links that overlap with the directed trust links to the total number of directed trade links in the community k at t. Given a snap-shot of a community k at a time-stamp t, the ties do not have an overall increasing trend. After an initial undirected overlap is the ratio of the undirected trade links increase until 7 th week, the trend is non-increasing unlike that overlap with the undirected trust links to the total numdirected overlap in CPM communities and undirected overber of trade links in the community k at t.
laps. In comparison to communities of size greater than 3, ot,k l{eEE~;:dele'={(src(e),dst(e))or(dst(e),src(e))}EE~rusW's ee that the undirected overlap in CNM communities has undirected -IE~;:de I similar trends as undirected overlap in CPM communities, unlike the trend in communities of size greater than 3.
Figures 5(a),(b),(c) show the overlap metrics for communities derived from reduced trade network. Figure 5(a) shows the overlap metrics for communities of size 3. As shown in this figure, all the 4 overlap metrics assume a nonincreasing trend after initial increase until week 7 or 8. It can also be seen that the overlap metrics for CNM communities are in general lower than that for CPM communities. In figures 5(b) and (c) the overlap metrics are shown corresponding to the communities of size in range [4, 9] and those with size greater than 9 respectively. For communities with size in range [4, 9] there is an increasing trend for all the metrics and both the directed and undirected overlap for CNM are in general lower than those for CPM communities. The highest overlap is approximately 0.29 for CPM communities. For larger communities (size greater than 9), the trend is slightly different. In general, both the directed and undirected overlaps for CNM communities are slightly higher than those for CPM communities though the maximum overlap of 0.31 is obtained in CPM communities considering undirected overlap between trade and trust. 
Analysis of communities' strength
In this section, we study the evolution of communities when the communities are not treated as isolated units unlike previous experiments. In this multi-relation network, the various communities simultaneously co-exist and engage in various forms of interaction(trust and trade links) with each other. We define metrics to study the evolution of communities when both external(peripheral) and internal(within) interactions are possible for the communities. We have defined a metric to capture this phenomenon. This metric is called the inter to intra link ratio in the communities. Given a snapshot of a community k (within a network G) at time stamp t, the inter to intra link ratio for the community k is defined in the following manner. ) show the evolution of the inter to intra link ratio for communities. Figure 6(a) shows the inter-intra links ratio for trade and trust links for trust based communities. As shown in the figure, the inter-intra trade link ratio is approximately 7.7 (averaged for the entire time period). High value of inter-intra trade link ratio indicates the inter community trade interactions is 7.7 times the intra community trade interactions. The ratio fluctuates within 7 to 9. However, the inter-intra trust link ratio is as low as 0.1. Low inter-intra trust link ratio is significant because more trust links are formed within the community than between the communities. It is surprising to find in the trust based communities, the inter community trade is significantly higher in comparison to intra (or within) community trade. give an estimate of the probability of the occurrence of an event.
Given the information about the events in communities, in the next step we select communities for two types of analysis: precursor direction (direction of influence) for sudden jump events and precursor direction(direction of influence) for sudden drop events. In order to determine direction of influence in either of the above two cases, we select only those communities in which both trade and trust events occur anywhere in the time period [0, T] .
We discuss these results in two parts. First we discuss the findings for the trust based communities and then we discuss the findings of the trade based communities. As described earlier, the trust based communities can be defined using (l)CNM or (2)CPM algorithms. We discuss the results for CNM based trust communities in this paper. Table 5 gives statistics for the above mentioned unusual events within the communities and in table 6, we describe the relationship between the various unusual events within the communities. A detailed discussion of the results can be found in the full version of the paper [13] . Table 7 summarizes the statistics for the unusual events in the CPM defined trust communities. As shown in this table, sudden jump is trade dynamics is the most significant event across all A values. Almost 69 -72.6% of total communities experience this event. The sudden drop in trust dynamics and sudden jump in trust dynamics are significant for A == 1.0 and fewer communities experience these events as A is increased. These fractions range from 6% to 10%. Tables 5 and 7 show the distribution of trust communities across the various events. The community definitions being used are CNM and CPM respectively. These tables In this final section of experiments, we discuss the experiment design to estimate the direction of influence in the dynamics of communities. Given the multi-relational nature of the communities and as shown earlier, there are two dynamics happening in any community: trade or trust dynamics. The term 'direction of influence' corresponds to a statistical estimate of whether one dynamics is a precursor to another dynamics or if both the dynamics are co-occurring together with statistical significance.
Analysing influencers of events in communities
Although, any magnitude of connectivity can be said as the dynamics of a community, however, for the purpose of this experiment we define dynamics within a community as the occurrence of an event. An event is defined as follows:
Event: An event refers to uncommon dynamics within the community. Given the number of links of a certain type E {trust, trade}, IEi~;el, for a community k at t, a time series(tS~ype) of links for k can be constructed by
An event is said to have occur in the dynamics of the community kif:
f-L: mean, p: standard deviation, A: event parameter
The events can be further sub-categorized based on the trust and trade dynamics as follows: In this paper we have studied an interesting problem of evolution in multi-relational social networks. Unlike conventional approaches to study evolution in networks, we analyze the evolution by fragmenting the larger network into macro units known as communities. In a multi-relational setting, there are several interesting phenomena about the trade and trust dynamics which were studied in this work. Specifically, we find that the trust based communities are strongly connected than the trade based ones. Another essential difference between the dynamics of trust based communities and trade based communities is the higher coevolution rate in trust based communities. Averaging for the overall network, we find that in general a community has only one type of links strongly concentrated within itself while the other type of links are distributed outside the community. For tightly knit communities, we find that in approximately 70% of communities experience an unusual behavior in trade dynamics (sudden jump in trade activity) also experience an unusual behavior in their trust dynamics in the later period.
We also find that sudden drop in trade dynamics is again a rare event because less than 3.6% of total communities experience this event. In table 8, we describe relationship between the trade and trust sudden jump events occurring in the communities.
We omit the discussion of the results for communities from trade network in this version of the paper. The full discussion can be found in the full version of the paper [13] .
5 Conclusion
